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Abstract.  
Nowadays, smartphones are not utilized for communications only. Smartphones 
are equipped with a lot of sensors that can be utilized for different purposes. For 
example, inertial sensors have been used extensively in recent years for measur-
ing and monitoring performance in many different applications. Basically, data 
from the sensors are utilized for estimation of smartphone orientation. There is a 
lot of applications which can utilize these data. This paper deals with an algorithm 
developed for inertial sensors data utilization for vehicle passenger comfort as-
sessment.  
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1 Introduction 
In recent time transport systems are facing significant changes in the behaviour of pas-
sengers. This might be caused by increased awareness about pollution generated by 
cars, as well as the development of new services allowing shared mobility. The idea of 
shared mobility is that a group of passengers share a single vehicle for their journey.  
With the development of intelligent transport system, there is a large amount of data 
that can be used to improve provided services and thus comfort levels of passengers. 
However, passengers comfort levels can be decreased by aggressive driving.  
In order to keep the passengers safe and satisfied drivers of shared cars, or any other 
service like UBER, DiDi etc., should not drive aggressively and dangerously. If such 
drivers are present in the system, they should be identified and denied to provide further 
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service. This can be done by collecting feedback from the passengers. However, pas-
sengers might be in a hurry or not willing to provide feedback in the mobile application.  
In this paper, we propose a solution for the automatic evaluation of passenger com-
fort, which can run on a smartphone device. The motivation is to allow the collection 
of information about driver behaviour on a widely used platform. A similar system was 
used to analyze the impact of different materials used to build transport infrastructure 
on the comfort level of passengers in [1, 2]. However, this system was based on a device 
specifically designed to provide the required data. Since this specialized device has to 
be implemented in all tested vehicles, its implementation on a greater scale would be 
financially ineffective. Therefore, we proposed a solution to use data from the Inertial 
Measurement Unit (IMU) inbuilt in the majority of current smartphones. This should 
allow wide adoption of the solution without any hardware costs since smartphones are 
used ubiquitously.  
The rest of the paper is organized as follows, the next section will describe IMU and 
individual sensors that could be used for the purpose of comfort level assessment, Sec-
tion 3 will introduce the proposed solution. Analysis of the achieved results will be 
provided in Section 4 and Section 5 will conclude the paper. 
2 Inertial measurement units 
The inertial measurement unit consists of multiple sensors that are used to detect and 
measure external forces applied to the device. Typically, IMU consists of Accelerome-
ter, Gyroscope and Magnetometer sensors [3 - 12]. These sensors are used to measure 
acceleration using gravitational force, orientation and variations of a magnetic field, 
respectively. Variations of a magnetic field can be used to estimate heading of the de-
vice with respect to North, however, measurements are affected by disturbances of a 
magnetic field caused by metal objects. Since in the proposed solution data from accel-
erometer and gyroscopes are used, these will be described in more detail.  
2.1 Accelerometer  
The accelerometer can be used to measure acceleration using inertial parameters of ob-
jects. In case when an object is still, the accelerometer will report acceleration equal 
approximately to 9.81 ms-1 which represent the gravitational force of the Earth. The 
accelerometer cannot separate gravitational force from other acceleration forces affect-
ing the device, therefore the gravitational force has to be compensated in the applica-
tion.  
Accelerometers implemented in the smartphones are using micro-electro-mechani-
cal systems (MEMS). Their accelerometers can measure acceleration only in one direc-
tion, perpendicular to axis od the matrix. Therefore, in order to provide measurements 
in all axes, three MEMS accelerometers must be implemented. 
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2.2 Gyroscope 
Gyroscope is a device able to sense an angular velocity of the object. A triple-axis gy-
roscope can measure rotation around three axes: x, y, and z. There are MEMS gyros 
implemented in smartphones because the quality is sufficient at a reasonable price. The 
gyroscope sensor within the MEMS is very small (between 1 to 100 micrometres). If 
the gyro is rotated, a small resonating mass is shifted as the angular velocity changes. 
The principle is based on Coriolis force 
 𝐅𝐜𝐨𝐫 ൌ 2𝑚ሺ𝛚 ൈ 𝐯ሻ, (1) 
where m is the weight of a vibrating element, ω is angular velocity, v is the speed of 
the element and Fcor is Coriolis force. 
2.3 Measurement errors 
The measured data from the sensors are influenced by measurement errors. The physi-
cal properties of these sensors change over time which results in different characteris-
tics over time. Following phenomenon should be considered when IMU measurements 
are used:  
 Repeatability: It is the ability of the sensor to deliver the same output for the same 
repeated input, assuming all other conditions are the same 
 Stability: It is the ability of the sensor to deliver the same output, over time, for the 
same constant input. 
 Drift: It is the change of the output over time (zero drift is the change over time with 
no input). 
 Bias: For a given physical input, the sensor outputs a measurement, offset by the 
bias. 
 Noise: the random fluctuation of the output data, can be reduced by filters. 
For example, when input rotation is null, the output of the gyro could be nonzero. 
The equivalent input rotation detected is the bias error. Depending on sensor usage the 
internal sensor biases may increase over time. In order to compensate these errors, the 
gyroscope must be calibrated. This is usually done by keeping the gyroscope still and 
zeroing all the readings. 
3 Proposed system 
In the proposed system data from both gyroscope and accelerometer sensors are used 
in order to detect and events that have a negative impact on passenger comfort level, 
i.e. detection of high acceleration, hard braking, uneven roads, etc. Data from the sen-
sors are, however, affected by noises coming from multiple sources. For example, in 
Fig. 1 raw data from the accelerometer in the vertical axis during the ride on a road are 
presented. Under ideal conditions, these data should have constant value as it impacts 
of gravitational force. However, the acceleration value fluctuates quite significantly. 
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This might be caused by multiple factors, one of them being an uneven road which 
might have an impact on comfort levels of passengers. Other parameters that can cause 
fluctuations of the acceleration inv vertical axis include vibrations from the engine, the 
setting of the car suspension that should reduce the impact of the uneven road but also 
introduce some secondary fluctuations.  
 
 
Fig. 1. Vertical acceleration from the raw data 
Therefore, to reduce detection error low pass filter was used to smoothen raw data 
from the IMU. The implemented filter can be described as  
 𝑜𝑢𝑡ሺ𝑖ሻ ൌ 𝑜𝑢𝑡ሺ𝑖 െ 1ሻ ൅ 𝛼൫𝑖𝑛𝑝𝑢𝑡ሺ𝑖ሻ െ 𝑜𝑢𝑡ሺ𝑖 െ 1ሻ൯, (2) 
where α is defined as the time constant of filter t divided by the sum of the time constant 
and time of individual accelerations provided by sensor dT: 
 𝛼 ൌ ௧௧ାௗ். (3) 
Since low past filter should remove high-frequency noises the filtered value should 
include only changes in acceleration caused by uneven road, the acceleration on vertical 
axes after filtration is shown in Fig. 2. However, the data are still affected by noises 
generated by the sensor itself as described in the previous chapter.  
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Fig. 2. Vertical acceleration from the filtered data 
On the other hand, data from the horizontal plane are not affected by gravitational 
force in case that vehicle is not going uphill or downhill. In horizontal plane data from 
2 axes are collected. Accelerometer data from x-axis represent the change in the speed 
of the vehicle, as it measures positive or negative acceleration in case of accelerating 
or slowing down. The data from the y-axis, on the other hand, represent a centrifugal 
force that is affecting vehicle while driving thru a curve.  
These data are not affected by the quality of the road, however, can provide crucial 
information about the behaviour of the driver. On the other hand, the data are affected 
by vibrations caused by the vehicle engine. Therefore, the same filtering approach as 
for vertical axis was applied on both axes in the horizontal plane. In case that driver is 
driving more aggressively, forces affecting accelerometer will be higher and thus can 
provide feedback about reckless driving.  
 
Fig. 3. Acceleration from both axes in the horizontal plane 
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In Fig. 3 accelerometer data from both axes in the horizontal plane are shown. Data 
ax is from x-axis that shows acceleration or braking of the car, and ay represents the 
impact of centrifugal force when the car is driving thru the curve.  
When it comes to the data from the gyroscope, the rotation on vertical z-axis gives 
information about the rotation of the vehicle when driving thru the curve. Rotation on 
y-axis give information about ascend or descend of the vehicle and rotation on x-axis 
gives information about uneven roads.  
The axes should be fixed to the vehicle and not to the smartphone device, that might 
have axes shifted due to the position of the device within the vehicle. Therefore, it is 
required to map axes of the smartphone to axes of the vehicle. This can be done using 
a transformation matrix for conversion between different coordinate systems. The 
transformation matrix is defined as:  
 ൥
𝑥௩
𝑦௩
𝑧௩
൩ ൌ  ቆ𝑅௭ି ଵ ൫𝑅௬ି ଵ൯ 𝑅௫ି ଵ ቈ
𝑥
𝑦
𝑧
቉ቇ, (4) 
where [x, y, z] are values on axes of the smartphone, xv,yv, zv are axes of vehicle and 
Rx, Ry, Rz are rotation matrices.  
In the first step vertical alignment is performed. To perform vertical alignment 2 
approaches were implemented. The first approach is angular velocity method. This 
method can be applied when the vehicle is going thru the curve. In such case the angular 
velocity is given by the velocity of vehicle and diameter of the curve and can be ex-
pressed as: 
 𝜔 ൌ  ௩௥ . (5) 
When axes of the gyroscope are mapped to the axes of the car, the vertical z-axis 
should have significantly higher angular velocity than any other axis. However, if the 
gyroscope is not aligned with axes of the vehicle the fact that car is turning can be 
determined based on total angular velocity, given by: 
 𝜔௧ ൌ  ඥ𝜔௫ଶ ൅  𝜔௬ଶ ൅  𝜔௭ଶ . (6) 
Components of the rotation matrix R used for alignment in the vertical axis can be 
calculated using:  
 ቎
𝑅௫௩
𝑅௬௩
𝑅௭௩
቏ ൌ  ଵ
ටఠమೣା ఠ೤మା ఠ೥మ
 ൥
𝜔௫𝜔௬𝜔௭
൩. (7) 
In Fig. 4 gyroscope data transformed into vehicle coordination system using equa-
tion (7) are shown.  
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Fig. 4. Angular velocity after alignment with the vehicle coordination system 
From the figure, it is obvious that angular velocity on the z-axis is significantly 
higher than angular velocities recorded on horizontal axes, which are oscillating around 
0. 
Vertical alignment using angular velocity is suitable when the vehicle is moving on 
the curve, however, in a situation when the vehicle is not moving or is moving on the 
straight section of road it is required to use a different approach for alignment of the 
vertical axis. Under these conditions, gravitational alignment method can be used. In 
this method data from accelerometers are used. Moreover, it is assumed that the only 
force that is affecting the IMU measurements is a gravitational force, therefore, this 
approach work when the vehicle is still or is moving with constant speed on a straight 
section of the road. In such a case, the total acceleration is given by: 
 𝑎௧ ൌ  ඥ𝑎௫ଶ ൅  𝑎௬ଶ ൅ 𝑎௭ଶ , (8) 
and should be equal to the impact of gravitational force. However, even in a case when 
the vehicle is moving on the constant speed the acceleration fluctuates due to the uneven 
surface of the road. Unfortunately, the frequency of this fluctuation cannot be deter-
mined, therefore it is not possible to remove it using low pass filter. Anyhow, the rota-
tion matrix for transformation between coordinate systems using gravitational method 
can be defined as: 
 ቎
𝑅௫௩
𝑅௬௩
𝑅௭௩
቏ ൌ  ଵ
ට஺మೣା ஺೤మ ା ஺೥మ
 ቎
𝐴௫𝐴௬
𝐴௭
቏, (9) 
where Ax, Ay, Az are values of acceleration measured by accelerometers on individual 
axes.  
Horizontal alignment can be performed under two scenarios as well. In the first sce-
nario, the vehicle is accelerating, and the acceleration vector is the same as the direction 
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of the movement. On the other hand, if the vehicle is driving thru the curve on constant 
speed, then acceleration vector will be perpendicular to the direction of vehicle move-
ment and therefore it will be mapped on the y-axis of the vehicle.  
 
Fig. 5. Measured and calculated acceleration in the horizontal plane 
In Fig. 5 real data measured by accelerometers in horizontal plane ax and ay are pre-
sented together with combined acceleration ac given by: 
 𝑎௖ ൌ  ඥ𝑎௫ଶ ൅ 𝑎௬ଶ . (10) 
To align horizontal axes, it is required to estimate forces caused by acceleration (or 
breaking) of the vehicle and map these to x-axis and acceleration caused by centrifugal 
force that should be mapped to the y-axis. From the figure, it can be seen that the vehicle 
is moving on the constant speed since acceleration on the x-axis is close to 0. Then, the 
value of ac is close to the absolute value of acceleration on the y-axis.  
The other option is to align the horizontal axes during vehicle acceleration. The basic 
assumption is that the vehicle is moving straight forward. In such case value of ac is 
actually the value of acceleration in the x-axis.  
After the data extraction, reduction of data dimensions is performed using Principal 
Component Analysis (PCA). The goal is to find interconnection between variables. In 
the first step, the covariance matrix is calculated. In our case relation between vertical 
and horizontal acceleration is investigated using:   
 covሺ𝑥, 𝑦ሻ ൌ  ∑ ሺ୶౟ି ௫̅ሻሺ௬೔ି ௬തሻ೙೔సభ ሺ௡ିଵሻ ൌ Eሾ𝑥𝑦ሿ െ Eሾ𝑥ሿEሾ𝑦ሿ. (11) 
For multiple variables the covariance can be calculated for each pair individually 
and then covariance matrix can be formed as follows:  
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 𝐂 ൌ  ቌ
covሺx, xሻ covሺx, yሻ covሺx, zሻ
covሺy, xሻ covሺy, yሻ covሺy, zሻ
covሺz, xሻ covሺz, yሻ covሺz, zሻ
ቍ. (12) 
Using equations above it is possible to calculate eigenvalues and eigenvectors. The 
outcome of PCA is eigenvector m, which represent direction, in which the covariance 
is the highest, i.e. direction of vehicle movement.  
Therefore, it is possible to estimate angle 𝜙 using:  
 𝜙 ൌ 𝑎𝑡𝑎𝑛2ሺ𝑚ଶ , 𝑚ଵሻ, (13) 
where m2 and m1 are values of eigenvector m.  
4 Testing and evaluation 
In order to evaluate the comfort level of passengers in the vehicle, we need to define 
events that reduce comfort. In this work we have focused on four types of events, 
namely, fast acceleration, hard braking, hitting potholes on a road, and driving thru 
curves on high speed.  
Each of these events has a different signature on readings from the IMU sensors 
implemented in the smartphones. In the first step, we had to find threshold values to 
trigger the detection of the given event. This has been done by test drives with multiple 
passengers while the driver was driving the same stretch of the road with a different 
pace. In Fig. 6 the thresholds marked by 5 passengers for acceleration speed that makes 
them uncomfortable is shown.  
 
Fig. 6. Thresholds for acceleration marked by 5 passengers 
From the figure, it is clear that passengers provided different acceleration levels as 
thresholds for the comfort level, which was expected. However, the settings of the sys-
tem should consider the lower value of the threshold since, to provide the best results 
in general. Therefore, the threshold for acceleration was set to 5 m/s2. 
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In the next scenario impact of the turning was examined, input provided by passen-
gers is shown in Fig. 7. 
 
Fig. 7. Thresholds for acceleration on y-axis marked by 5 passengers 
From the figure, it is obvious that in y-axis significantly lower acceleration is re-
quired to lower the comfort level of passengers. In this case, the acceleration threshold 
was set to 0.75 m/s2. 
5 Conclusion 
In the paper development of a smartphone-based system for automatic evaluation of 
passenger comfort was described. The system is using data from the IMU implemented 
in all currently used smartphones. The developed app was tested on multiple passengers 
to set up thresholds for event detection. However, different passengers reported differ-
ent threshold values for accelerations on both x and y axes. Therefore, the lowest value 
was set as a threshold in order to satisfy the preferences of most of the passengers.  
In the future we will perform more tests aimed at detection of potholes, that should 
be visible on changes of acceleration at the vertical axis.  
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